Teeth are some of the most resilient tissues of the human body. Because of their placement, teeth often yield intact indicators even when other metrics, such as finger prints and DNA, are missing. Forensics on dental identification is now mostly manual work which is time and resource intensive. Systems for automated human identification from dental X-ray images have the potential to greatly reduce the necessary efforts spent on dental identification, but it requires a system with high stability and accuracy so that the results can be trusted. This paper proposes a new system for automated dental X-ray identification. The scheme extracts tooth and dental work contours from the X-ray images and uses the Hausdorff-distance measure for ranking persons. This combination of state-of-the-art approaches with a novel lowest cost path-based method for separating a dental X-ray image into individual teeth, is able to achieve comparable and better results than what is available in the literature. The proposed scheme is fully functional and is used to accurately identify people within a real dental database. The system is able to perfectly separate 88.7% of the teeth in the test set. Further, in the verification process, the system ranks the correct person in top in 86% of the cases, and among the top five in an astonishing 94% of the cases. The approach has compelling potential to significantly reduce the time spent on dental identification.
INTRODUCTION
The swift and correct identification of deceased persons can hold great value for those left behind. There are sit-uations when accidents, criminal acts or natural disasters, can leave victims in a state that makes identification by documents or by visual means difficult. Further, in some situations, family or friends of victims can be used for visual identification, but this is not always appropriate or even possible. Thus, biometric indicators such as fingerprints, DNA sampling and dental records become the only possibility for identification. Given ante-mortem and post-mortem dental X-ray images, an expert in forensic dentistry can compare the characteristics of the teeth and determine whether or not they are from the same person. However, this is a time-consuming and focused effort that requires expert knowledge.
Traditionally the number of possible individuals has been reduced by using information found on the person or the geographical area the person was found. By using features inherent in the teeth of a person, it is possible to rank persons by the similarity of stored dental records to a query image.
This allows for a much broader search with less human intervention. Dental works show up as part of a tooth but with a higher intensity than the surrounding area. These works can be fillings, implants, bridges etc. with fillings being by far the most common. The brightness of the dental work in the radiograph depends on the material used to create the dental work.
Traditional metal-based materials such as amalgam appear very bright, while modern filling materials such as composite resin have a density much closer to that of the natural tooth and thus are barely brighter than the surrounding tooth. An example is visible in Figure 1b) .
B. State-of-the-Art
The field of forensic dentistry has been studied and applied for decades [4] , while digital forensic dentistry has a much more recent history. Creating a fully automated computer-based system for human identification based on dental X-ray images has only been a focus of research for a little over a decade. Nassar et al. [1] , Fahmy et al. [2] and Abdel-Mottaleb et al. [3] outline the general components of what they define as an Automated Dental Identification System (ADIS) and the most important challenges of developing such a system. The initial research toward defining the ADIS [2] , [3] states that the system should take as input a dental record consisting of one or more images and other pertinent information.
The system should as output produce a candidate list of most likely candidates or some form of negative result if there are no acceptable matches.
The rest of this section is split into three separate parts, all describing research that can be related to the problems encountered in this work; enhancement, bitewing image sep-aration, feature extraction and matching. The field has grown to include dental registration and tooth classification, topics that are not included in this section. After each topic there is a summary and conclusion of the most popular or effective methods.
1) Enhancement:
Enhancement is a vital step in the pro-cessing of X-ray images due to often poor, uneven exposure and unclear region boundaries [5] . The different methodologies benefit from different enhancement methods and there are many that have been proposed. The purpose of enhancement of dental X-ray images is to enhance the contrast, particularly between the different layers of an image [2] .
Morphological gray-scale reconstruction [6] consisting of bottom-and top-hat filtering of dental radiographs is used by several authors [7] , [2] , [5] , [8] , [9] , [10] , [11] , [12] for enhancement of bitewing dental X-ray images.
Such filters are implemented by using morphological operations, using the characteristics of the neighbours of a pixel to set the value of that pixel. The bright regions of the image are made more prominent by adding the result of a top-hat filtering operation. Conversely by subtracting the bottom-hat filtering result from the image, the darker parts are further removed. These operations normally lead to an image with increased contrast between the teeth-layer and other layers.
Lin & Lai et al. have introduced, and improved upon, a method of enhancement based on adaptive local contrast stretching, adaptive morphology, and homomorphic filtering. [13] , [14] , [15] Pushparaj et al. [16] suggest using Butterworth high-pass filter together with homomorphic filtering, a frequency-space solution to the problem.
Shamsafar [17] uses gamma transfor-mation to increase the difference between dark areas, such as background, and the bright dental work areas.
The method of enhancement needs to be chosen to benefit the other components in a system. For a system using image separation when extracting features, the morphological filter-ing method is reported to give good results.
2) Separation: In the interest of feature extraction it is useful to separate the X-ray image into smaller images such as those containing individual teeth.
Separating teeth from background and separating dental works from teeth both often involve some form of image segmentation, splitting the layers of the X-ray image. In the field of image processing the terms segmentation and separation are used to describe both the separation of objects in the image and the segmentation of layers. In this paper, separation means splitting an image into several images, while segmentation will be used to describe the assignment of pixels into layers. Segmentation and separation are often both the most difficult and the most important tasks of a machine vision system [18, p.689 ].
Most of the separation techniques focusing on dental X-ray images have three steps: first segmenting the teeth layer from both the background and bone layers, then separating the upper and lower jaws, and finally each tooth.
Some authors [3] , [19] propose a segmentation method based on masking the image by the result of iterative thresholding followed by adaptive thresholding. This method has been used extensively by other authors [8] , [11] , [14] , [20] , [21] , [22] , [23] , [24] . The iterative thresholding step bases the initial threshold value on the average of the edge pixels detected 
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by Canny edge detection. Since the edges are where the intensity is between two extremes, the background and the teeth/bone, this threshold results in few iterations with good separation of these two layers. The result from the iterative thresholding is used as a mask to remove pixels from the original image, this image is then adaptively thresholded.
Some have used only part of the method such as iterative thresholding [15] , or adaptive thresholding [5] , [10] , after en-hancement. A version of this method is used by Zhou & Abdel-Mottaleb [10] for segmenting both the teeth and the bones between teeth.
A texture-based method using clustering and a fuzzy in-ference system is described by Lin & Lai [13] . It is focused on using textural information to segment the image into background, teeth and bone areas.
The most popular method is based on iterative and adaptive thresholding, to mask away the pixels that are unwanted, thus segmenting the teeth from the background and bone.
a) Jaw and Teeth Separation: The separation into upper and lower jaw and further into individual teeth is a common step in feature extraction from dental X-ray images.
In a bitewing dental X-ray image, there is a natural sepa-rating gap or curve between the upper and lower teeth, shown in Figure 1b ). Most techniques for separating the image try to discover this gap and assign pixels on either side to separate regions. The most obvious candidates for separating teeth are the low intensity background pixels between the teeth.
The methods for separating teeth focus mostly on locating separation lines aligned with these pixels and extracting the brighter pixels between two such separating lines for creating the tooth region.
Several methodologies for separating the jaws and teeth have been suggested. Some authors bypass the problem en-tirely by requiring a manually marked region around the desired tooth [25] , [26] , or suggest that the user add or delete lines to properly segment teeth [27] .
A texture-based method using wavelet transform and mor-phology is introduced by Said et al. [9] . However, the explained results are not clear, with what seems to be a very forgiving measure of success, by counting as failure only when no teeth at all are properly separated in an image.
One of the earliest fully automatic and most cited ap-proaches is that of integral intensity projection for both jaw and teeth separation [3] .
Some have also used it to separate the bones between teeth [5] , [10] . In the integral intensity projection method, the separation of upper and lower jaw is performed by locating the horizontal line with the lowest sum of intensities. In a proper bitewing X-ray image there is only one such line but it is not guaranteed to be straight. Jain & Chen [27] finds the gap valley by taking an estimate from the user and adjusting by a probability based on the intensity sum around the selected point. This is done strip-wise to account for significant local intensity changes, ending with a spline representation that allows a curved separation of the jaws. Nomir & Abdel-Mottaleb [19] suggest a piecewise separation starting with the straight line of lowest intensity, splitting it into pieces and adjusting according to the lowest local sum of intensity. This process can have issues in cases where the dark area between the teeth is part of the local strip, and has lower intensity than the gap between teeth.
Integral intensity projection methods depend on enhance-ment and segmentation of the teeth layer in order to clearly make out the lowintensity areas between objects. To select the correct separating lines using this method, it is necessary to identify the projections that are between teeth. This leads to the problem of how to decide which of the lowest vertical sums are suitable for separating teeth and which are part of the same valley. Though there are many who cite this approach, few give good explanations of how to consistently find the correct valleys for the teeth separation lines. Abdel-Mottaleb et al. [3] use a threshold to find the valleys in the diagram of the vertical sums. Jain et al. [27] states that the valleys are used, but not specifically how these valleys are found, leading to the assumption that they are either detected by threshold or manually specified. Further, erroneous or missing lines are left up to the user to handle manually.
Abdel-Mottaleb & Zhou [5] use snakes for separating jaws and teeth, with initial lines determined by integral projection. Al-Sherif suggests the application of seam-carving to the problem of separating both jaws and teeth [24] . As the authors state, the method relies heavily on the enhancement step but this seems to be the case for other methods as well.
An interesting example of path-based jaw separation in a 3D mesh is presented by Le et al. [28] . Though this is not the inspiration for the approach introduced in this work, it is an example of path-finding applied to image and mesh splitting. One important point to note is that when it comes to separation of dental X-ray images, integral intensity projection has been a popular technique to find the separating lines between jaws and teeth.
3) Feature Extraction and Matching:
The images the sys-tem receives need to be stored in a format that allows for efficient and precise retrieval.
This means extracting features that describe teeth and dental works accurately enough to compare the unique characteristics of each person.
A bitewing dental X-ray in grayscale contains two main types of information: shape and intensity. Shape is defined by the changes in intensity that form objects, while intensity is the changes within an object or other region of the image.
Features that have been used to identify persons from their dental X-rays fall into these two categories, with further separations within each category.
The most frequently used shape-based features are tooth contours and dental work contours. Some authors [12] , [14] have focused on numbering and classifying present and missing teeth. The work also introduced methods for detecting broken or missing teeth.
Abdel-Mottaleb et al. [3] introduce a method based on salient points taken from high curvature areas of the contour. These points are then related to other salient points by distance and the signature vector. A process of optimizing a transformation to find the best fit is also included. For matching the authors propose an equation focusing on the differences between vector components, with a division by the mean of one of the vectors.
In the work of Jain et al. [25] , [27] a user specified region and point inside the tooth is used to find the contour of the tooth, by performing a radial scan and maximizing the difference between an inner intensity and outer intensity for each point along the contour. An additional step to align contours is also suggested, where a transformation is optimized for matching distance. between contours. This correspondence is then the main com-ponent of the matching algorithm. The article introduces new methods both for calculating distance between tooth contours and dental work contours.
Evolving contours have also been used as feature extraction methods.
Zhou & Abdel-Mottaleb [5] apply the active contour method known as snakes to the contour extraction problem. They further separate these contours into crown and root sections for more accurate matching later.
Jain & Chen [30] use a directional snake to extract the contour of teeth, after segmentation. Hofer & Marana [31] and Shamsafar [17] apply a similar snake algorithm to improving the contours of dental works. Similarly, Shah et al. [32] uses active contour without edges to find the contours of teeth.
The authors claim to show better results when compared to the snakes method.
The problem of evaluating the similarity between two dental records can be quite difficult. It is a problem of comparing two sets of possibly unequal size with often different types of elements.
The work of Nassar & Ammar [33] shows that a neural network approach is viable. The approach uses two levels of comparison with different resolutions, which increases efficiency.
The Levenshtein distance is used for the matching stage by Hofer & Marana [31] with a new algorithm for calculating the edit distance between dental works. The method relies on location information in a panoramic radiograph and would require work to be applied for bitewing images.
Several authors [5] , [15] , [21] use the Hausdorff-distance for similarity measurement between contours. This approach seems to be the most effective reported. Weighted sum-of-squared distance has also been used [26] . Nomir & Abdel-Mottaleb [23] suggest using the hierarchical Chamfer distance, a multi-resolution technique, for matching images. The benefit of this method is more efficient reduction of the search space. The same authors also propose a novel matching distance [19] , and a fusion of different matching techniques that apply several different feature representations and distance calculations [22] . The distance calculation methods include Euclidean and Absolute distance between point vectors [21] . Some of the most successful ranking methodologies [5] , [15] use the Hausdorff distance or some variant of evolutionary contours such as active contour without edges or snakes.
EXPERIMENTAL PROCEDURE
This section explains the details of the components of the proposed system, from enhancement and image separation through feature extraction and matching. It does not delve too deeply into implementation details, instead focusing on the methodology in terms of algorithms and techniques.
A. System Overview
The process of going from a dental X-ray image to features that can be stored in a database and compared effectively consists of several steps.
There are two possible tasks the system can perform when an image is input to it, either the image is to be used for training, i.e. to build the database, or it is to be used for retrieval, i.e. finding a matching record from the database.
In both these cases, feature values need to be extracted from the image.
When training the system, the extracted feature values are stored as records in the database. When performing retrieval the extracted feature values are compared with those records already stored.
The following list describes the different steps that the system goes through both when building the database and when matching a record.
The term separation is used when referring to the act of splitting an image into smaller size images. This is not to be confused with the often used term segmentation which has been used to refer to the same thing, but is also a general term in image processing referring to the act of assigning pixels of an image into different regions often based on layering.
1) The user inputs the bitewing X-ray images into the system, specifying which side of the mouth each is from. The images need to be correctly rotated with lower jaw in the bottom part of the image. If training the system, a person ID must also be provided to be associated with the record.
2) Dental works are extracted from the image without separation. The contours of these are represented as point vectors and stored for later use.
3) The image is separated into two regions, one containing the upper jaw and one containing the lower jaw.
4) Each jaw image is enhanced and then separated into images each
containing a single tooth. The tooth images are taken from the original unenhanced image.
5) Each tooth image is enhanced and the contour of the tooth is extracted.
This contour is stored as a point vector for use in the next step.
6) If the system is training, the next step is to store each tooth and dental work contour vector in the database. If the system is retrieving then the next step is to compare each stored person record to the input record, tooth by tooth and dental work by dental work.
7)
If the system is retrieving images, the next step is to produce a ranked list of person records based on the comparison scores from the previous step.
For a system of identification to be of use as a tool for forensics, it has to present the result to an expert who can verify the results and testify in a court of law. The value of the system is in reducing the search space for such experts in coming to a justifiable conclusion based on the available data. Since the outcome of the identification process often deals with matters of law and potentially significant emotional distress, it is very important to not allow any false positives. For this reason, the results of identification are presented as a percentage of inclusion within a certain number of highest ranked entries.
B. Feature Extraction
The content of a bitewing dental X-ray image includes information of shape, position and subject material density. There is no color information and depth information is based on the thickness and density of the materials affecting the attenuation of the X-rays.
The most obvious and most utilized features of these images are the shapes and sizes of teeth and dental works. As seen in related work, dental works are very important for identification whereas the shape and size of the teeth are becoming more and more relevant as dental health improves.
Other possible features include missing teeth, distance between teeth, root canals and teeth implants. [4] Features such as missing teeth, root canals or teeth implants all depend on an existence principle, which is hard to guarantee without a very robust feature extraction method. For instance, the feature extraction may be unable VOLUME case, it is difficult to use the feature to increase classification confidence without ensuring that those that are extracted are very likely to be correct.
Due to both time limitations and the described issues, these features are not proposed as part of this solution.
The contours of teeth, as seen in the state-of-the-art, have been used successfully as an identification feature. However, these are also subject to both gradual change over time, due to aging and erosion, and sudden change if broken, pulled or restored.
The work described in this paper focuses on tooth and dental work contours as features in the matching process. Each feature has a separate extraction process and methodology. Since dental works sometimes spread across teeth, they are extracted from the complete image without separation. Tooth contours, however, require separating the image into single tooth images before contour extraction.
1) Dental Work Contours:
Dental works, when present, are the most recognizable and unique characteristics in a dental X-ray image [4] . This makes shape information from dental works a useful feature for identification.
The dental work extraction is focused on fillings that have a significant difference in brightness from the tooth. These are isolated from the rest of the image by the process.
The first step, gamma transformation, is meant to increase this difference in brightness by using a power law transform to exponentially increase the intensity of each pixel. The work of Shamsafar [17] shows that this technique can be used to extract dental works. The work focuses on panoramic dental X-rays, but states that it should be possible to use for bitewing images. An issue with Shamsafar's approach, that there is no dynamic selection of the gamma value, may lead to poor results on images with different bright to dark area ratios. The gamma value used during this transformation is highly dependent on the intensity of the image and the ratio of dental work pixels to other pixels. To select an appropriate gamma value for an image another step is introduced. This is a simple local optimization of a single variable, the gamma value, over a range of possible values. The best gamma value for an image is deemed to be the one that maximizes the average intensity of the pixels remaining after thresholding.
After the gamma transformation, the image is thresholded so the intensity of all pixels below the average intensity value are set to zero. The resulting image contains all those pixels that were part of a bright area, most often dental work, with the rest of the pixels at zero intensity.
The thresholded image may contain some noise and uncon-nected pixels. Some of this can be filtered out by using an edge detector such as the one proposed by Canny. Figure 2c) shows the result of edge detection with subsequent morphological dilation. The pixels remaining in the image are all found to be part of an edge, excluding single pixel noise. This step has the added benefit of inverting the values contained inside dental works, which is necessary for the next steps.
The next step is to find the pixels included in each dental work region.
To ensure that only pixels within dental works are empty, the background region is grown from the darkest pixel found near the center of the image. Passing over this image, from left to right and top to bottom, a new region is grown from each encountered zero-pixel. Since each region will grow to include all connected pixels, only one region will be grown for each set of connected pixels.
This process can lead to some false regions being included, most importantly edges of the image that have not been properly exposed by X-rays and very small regions due to high intensity noise. These are filtered out by two simple criteria: more than a certain percentage of the dental work must not lie at the edge of the image and the pixel count must be larger than some percentage of the total image pixel count.
For each accepted region, boundary extraction is used to obtain a list of points along the contour of the dental work. To simplify later comparison, the points are centered around the origin before storage. This is done by subtracting the x and y values of the region centroid from each point. The remaining list of points can be stored and matched numerically with other contours. Figure 3a) shows a typical example of contours extracted from an image.
Notice that the large round dental work does not have an extracted contour.
In fact, the method is able to extract the contour, but it is incorrect due to the bright edges of the image being included. It is therefore excluded from the final record.
a) Dental work b) Teeth  Fig. 3 . Example of contours.
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Copyright© Holstad Grafisk, Oslo -Print: prografia, Oslo -ISSN 1503-9552 49 2) Enhancement: The tooth contour extraction process in-cludes an enhancement step. This is designed to increase the contrast between dark areas, such as background and bone, and bright areas such as dental works and teeth. This is most important for the intensity projection steps that are part of both jaw and teeth separation.
The morphological operations, top-hat and bottom-hat fil-tering are first used to obtain two images (see figure 4) . Such filters are commonly used to enhance images by removing un-even brightness [6] and more specifically as an enhancement method for dental X-rays as proposed by
Zhou and Abdel-Mottaleb [5] .
An image is top-hat filtered by subtracting the result of a morphological opening from the original image. What remains in each pixel then is the difference in intensity introduced by the opening operation. Since opening will spread intensity out from brighter areas, this operation will lead to an overall darkening of the image.
The result of top-hat filtering is added to the original image and the result of bottom-hat filtering is subtracted from the same image, which is shown in Equation 1. Since the top-hat filter result has higher intensity values for pixels part of the bright areas, adding this will increase the brightness of these areas. The bottom-hat result, on the other hand, has higher intensity values for pixels that are part of dark areas. Subtracting this will reduce the brightness even further in these areas.
a) Top-hat filtering b) Bottom-hat filtering Fig. 4 . Top-and bottom-hat filtering using a circular structuring element.
The morphological operations are performed using a circu-lar structuring element due to it being a relatively easy shape to implement and the generally rounded features in dental X-ray images. The radius of the structuring element and the number of iterations of each morphological operation are both parameters that can be changed to yield different results to the separation step later on. Generally, increasing these will give a higher intensity result.
After morphological filtering the image appears much more evenly illuminated. A further enhancement can be made to benefit the next step, namely adaptive thresholding.
The purpose behind the thresholding step is to find those areas that already have low intensity and set their intensity to zero. This leads to more pronounced peaks and valleys in the intensity projection, a vital feature when locating points that lie in between teeth. An iterative thresholding step was considered, but it tends to converge on a threshold that keeps the bone pixels in the image and thus is not appropriate for this particular system.
If the threshold value is the same for all pixels, the technique is considered static. Static thresholding is not useful in cases where the image is unevenly illuminated or where the average brightness is very different from region to region. For dental X-ray images, thinner teeth appear darker in the image. The thickness of bone also varies and will result in different levels of intensity across the image. For these reasons, segmenting teeth from bone and background in bitewing X-ray images requires a locally adaptive thresholding method.
By considering only a window around the pixel being thresholded, the value can be adapted to the particular regional differences that characterize the pixels neighbourhood. Since the bones in one part of the image can have a higher absolute intensity than a tooth in another part of the image, the best thresholding results are obtained with an adaptive window that is big enough to include both parts of the teeth around the bones and the background, but not so big as to include large differences in illumination.
The threshold found is multiplied by a factor of 0.9 to avoid excluding too many pixels. This was suggested by Nomir & Abdel-Mottaleb [19] .
The output from the adaptive thresholding step is used to mask the image obtained after the morphological filtering step. This means that all the pixels that have zero intensity after thresholding are set to zero in the output while all other pixels retain the intensity value as output from the morphological filtering step. This is to keep the differences in intensity between pixels that are necessary for the final steps. a) Original b) Enhanced Fig. 5 . Jaw enhancements Figure 5 shows a jaw image before and after the enhance-ment step.
The contrast between dark and bright areas has been increased for the whole image. Notice how the areas between the teeth and how darker parts have been threshold masked to zero intensity.
3) Tooth Contours: Recall the difference in X-ray image brightness between traditional metal-based and modern composite-resin based dental works. This is unfortunate for identification purposes since it means that as fillings that show brightly and in strong contrast to the tooth are being replaced with modern materials they become much harder to extract. For this reason and the fact that dental care has become so advanced that fewer and fewer people will have dental work performed in the future, tooth contours will become increasingly important [3] .
In a bitewing dental X-ray image the outside of the row of teeth is almost orthogonal to the direction of the X-rays, due to the positioning of the bitepiece during image capture. This means that, for each side of the mouth, the same outline of the teeth will be shown whenever a bitewing X-ray is taken. The bitepiece allows relatively little rotation of the exposure plate which means that it is not necessary to account for skew or shear of the image. 
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automatically separating dental X-ray images. Lowest cost graph search is a well-studied problem with some very elegant algorithms, such as Dijkstra's, which are accessible and understandable.
An image can be expressed as a graph by adding a vertex for each pixel and then edges between a pixel vertex and each Moore neighbour.
The problem of finding dark areas between teeth and jaws can then be formulated as a lowest cost graph search problem.
To define the lowest cost path in an image based on intensity, the cost function needs to take this pixel intensity into account. Thus, for this work the following definition of the cost function is used. Given a graph with a related image intensity function f (x, y), the cost of travelling from the vertex at (x, y) to one of its neighbours is:
In equation 2 a and b have values 0, 1 or -1, depending on the direction to the neighbouring pixel. Figure 6 shows a visualization of the different path-costs calculated for pixels as part of a graph. The method can be configured to behave in a specific way by tweaking the path-cost function. The most basic cost would be to use the grayscale intensity value of the pixel. This will produce paths that are not limited by length, and thus will not tend to be straight. They will however seek to lie in the lowest intensity areas of the image.
Basing the path cost only on intensity can cause problems in instances where there is a dark empty border around the image. To solve this issue, a constant term is added to the cost function. By including a constant term the algorithm will prefer shorter paths over longer. This may sometimes have the adverse effect of causing it to cut through "rough terrain", such as the inside of a tooth if the separation between the jaws has a significant curvature.
Notice the use of the natural logarithm. This function has the desirable property that it increases sharply and levels out for larger values. Translated to the path-cost problem this means that very bright areas, such as dental works, do not have too large an impact on the path selection. Since these areas normally lie at the top of the crown the path would sometimes prefer to pass through the root of the tooth instead of passing through a high intensity bridge at the crown, if the cost was linear.
The path-based method uses the intensity value and does not directly benefit from thresholding, unlike some other methods like integral intensity projection. This is because it takes into account the intensity value in its cost calculations and will use differences in intensity to find the lowest intensity path. When thresholding, all pixels over the threshold are given the maximum intensity value, which in many cases can mean that bones between teeth are inadvertently given the same path-cost as teeth. b) Jaw Separation: The jaw separation problem is solved by path-finding by locating a start and an end point that both lie at the position of the gap valley, at the left and the right side of the image. Horizontal intensity projection is used to find the darkest area in both the left side and the right side of the image.
By only calculating part of the width in towards the center, the method can allow for images where the separating line is severely rotated. In these cases, the horizontal intensity sum for a point can be lower than the gap valley.
Since the bitewing dental X-ray always shows two rows of teeth, the upper and lower jaw, the separating line between these rows will consist of background pixels. The lowest-cost path between the start and end point will pass through these pixels in almost all cases where the image is not severely underexposed or the person is missing the majority of the teeth in one or both jaws.
The path-based method does benefit from enhancement that increases contrast between background and teeth, but tests have shown that for jaw separation, the method performs as well on enhanced as on raw images for this data set. This moves the need for enhancement further down the pipeline, to smaller images, a possible performance benefit. c) Teeth Separation: After obtaining an image containing either the lower jaw or the upper jaw the next step is to separate it into a set of images each containing a single tooth.
The teeth separation process has much in common with the jaw separation process. The most significant difference however is that there is more than one separating line, which are less pronounced in the intensity projection diagram.
The process begins by enhancing the jaw images output by the previous jaw separation process. The path-based method of image separation is used also during this phase of feature extraction. Dark areas between teeth are then located using intensity projection and by using these locations the separating lines are found by the path-based method. These lowest-cost paths going between teeth, from left to right, are used to separate the image by using the maximum and minimum points of each path and the path to its right.
Each separating path is found by first obtaining a start and end point by vertical intensity projection with rotation, and then finding the lowest-cost path between these points. 
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Copyright© Holstad Grafisk, Oslo -Print: prografia, Oslo -ISSN 1503-9552 51 due to image height and intensity scale. This is useful when comparing images of different height or width. It is also useful in cases where the relative shape differences within the image are more important than the absolute shape differences. There are four peaks, and four valleys which coincide with the four teeth present in the image.
In the case at hand, when the goal is to find dark areas separating objects, the difference between peaks and valleys in the intensity diagram is more important than the height of the peaks. To find the starting points to use for path-finding, those valleys that are more than a specified percentage lower than the height of the previous peak are deemed to be between teeth.
To avoid multiple points in the same valley a minimum distance between points, in effect a minimum tooth width, is used as a parameter. Since there are often partial teeth at the ends of the image, a starting point at each side of the image is also included.
The gaps between teeth are in many cases not vertical, due to both widening at the crown, natural rotation of the tooth or image rotation. First, the pixels contained within the tooth shape are found by the use of the morphological active contour without edges (MorphACWE) method [34] . Active Contour Without Edges (ACWE) has been applied to the problem before [32] with good results. MorphACWE is an alternative definition of the ACWE method which is faster and simpler due to the exchange of numerical methods with morphological operators.
By initializing the active contour as a circle in the middle of the image it is guaranteed to begin in a high intensity area, given a correctly separated tooth image. This initialization has been shown to work for this type of problem [32] . From there, the active contour can evolve according to the external and internal forces determined by set parameters and the image gradient.
The MorphACWE energy functional relies on both the gradient points at the contour and the intensity and size of the area inside the contour.
Some teeth contain dental works whose brightness is significantly different from the surrounding tooth material. This can lead to the active contour coming to rest at these gradient points before reaching the actual tooth contour due to the difference in average intensity. The opposite problem of bone material having a density very similar to the root can cause the active contour to spread into the surrounding bone and further into visible parts of the neighbouring tooth.
These problems can be avoided by using the same enhance-ment as for jaw separation, albeit with different parameter values. Using multiple iterations of the morphological filtering step and a larger structuring element, the intensity of the material inside the tooth can be increased to lie near the top of the intensity scale along with the dental work areas.
When the tooth image is enhanced such that the brightness of pulp, enamel and dental work are all pushed to the top of the intensity scale the internal average intensity is much more even also when the area includes the lower areas of the tooth and dental works. This will help to lead the active contour out towards the actual tooth contour. Further, when the threshold masking of the enhancement removes some of the bone material at the sides of the roots, the gradient becomes more pronounced which strengthens the term of the active contour that relies on the gradient.
The output of the ACWE algorithm is an image where all the pixels outside the contour are set to zero and those inside are set to one. From there, the same boundary extraction process as used during dental work extraction can be used to find an ordered list of points along the contour.
In figure 3b ) the contours extracted from an image can be seen. The contours are representative for most of the teeth, but at the edges of the crown, where there are differences in depth and thickness, the method sometimes fails to find the true contours. The same can be seen at the part of the roots within the jawbone. The sometimes jagged edges are not the true contours of the teeth. However, though there is room for improvement, the method can successfully extract contours that can be used as a feature in the matching step.
RESULTS AND DISCUSSION
In this section the results of testing the approach on the data set are presented. First, the path-based method is tested for jaw and teeth separation in section IV-A. Subsequently, the entire system is used to rank images for identification in section IV-B. Note that of all verification, none of the training images are part of the verification purpose.
A. Separation
This work introduces a new method for separating jaws and teeth in dental X-ray images. This section outlines the results from experiments devised to test the efficacy of this method, and verify or dispose hypothesis 2 from section I-A. 1) Jaw Separation: To test the performance of the path-based method for the problem of jaw separation it was used to separate 100 images. Two images, one from each side of the mouth of each person, were selected for use. To avoid bias due to X-ray equipment settings and hardware, the images were selected from random dates so that some persons had older records and some had newer.
The most popular method [3] , based on integral intensity projection, was tested on the same images for comparison.
The results of the jaw separation of the described test images using the path-based method were very good. Of 100 images, 98 were correctly separated and 2 were incorrectly separated. See figures 8a) and 8b) for examples of correct and incorrect jaw separation using the path-based method.
In the cases where the method fails it can be attributed to missing center teeth or very similar intensity where the crowns of the upper and lower teeth meet, making it very hard to detect the gap. Either problem can cause a misplaced start or end point for the path, because there is a lower intensity horizontal sum in an area that is not part of the actual gap.
A possible solution to this would be to select a lowest cost path from several created from the lowest starting points. If the starting point is on the wrong side of the teeth, the path will have to cross a higher intensity area at some point, which will increase the cost significantly. The intensity projection method was able to separate 92 of the 100 images correctly. It fails to segment some images due to the darkest part of the strip being found inside of a tooth. This can happen when the jaws are at an angle in the image or when the crowns of the teeth are touching. The strip technique with locally adjusted height suffers from the problem that it is possible to find a lower intensity line above the crown of the teeth in some cases.
Although the intensity projection method allows the sepa-ration to be curved, it is limited, and in some cases where teeth are missing it can be initialized at the wrong point and fail to separate properly due to this limitation. If thresholding is performed on the image before using the strip method, this problem can be avoided when the tooth is darker, but not when there is a gap between teeth. 10 . Example of teeth separation [7] which is deemed successful. However, it appears that some parts of the teeth near the edges have been cut off.
The results of the experiments, seen in table I show that the path-based method outperforms the integral intensity method for this data set. There are several cases where both methods fail due to the gaps between teeth being difficult to find in the vertical intensity sum diagram. The methods differ most when individual teeth or the whole jaw is rotated in the image. In this case, the path-based method has an advantage by being able to use two unrelated start and end points. When either of these are wrongly placed, inside a tooth, the resulting path will necessarily cut through the tooth to find the darker, lower-cost path between the teeth.
In these cases, the resulting separation will contain the crown and most of the tooth, which means the method is able to recover to some degree even with poor initialization. This is different from straight line approaches [3] , [19] reported which cannot recover from a situation where the gaps between A shallow comparison can be made, by looking at some reported results, to determine whether or not the path-based approach is viable.
In table II those authors who have reported teeth separation ratios are listed. Taking these numbers at face value, the path-based results of 89.3% and 88.2% for upper and lower jaw, respectively, can be considered to be favourably comparable to the state-of-the-art. Notice also that AbdelMottaleb et al. [3] report a higher percentage of success while using the integral intensity method than was found for this data set. This can be explained due to reasons such as evaluation criteria differences or data set differences. The results of experiments show that this method has proven to be competitive and it succeeds in enough cases to allow for further testing of actual matching and identification experiments. 
B. Image Retrieval and Ranking
The system will produce a ranked list of all relevant images in the database by their distance to the query image. A relevant image is considered to be one that is of the same side of the mouth. Measuring the performance of the identification step is done by finding the first occurrence of an image from the same person as the query image.
The retrieval accuracy is always relative to the top-n retrievals. If the accuracy is referring to top-1, only the first image is considered. This is the absolute accuracy of the system and the optimal system would have a top-1 accuracy of 100%. If, however, the accuracy refers to top-5 a correct retrieval will rank the correct image within the first five. The reason for reporting the results in this way is to give an idea of how many images an expert would have to examine, on average, before finding a match. This is a good measure of the time-saving value the automated dental identification system can have as a tool for forensic dentists and other investigators.
Experiments were run to see how the system performs for identification purposes. All experiments, unless stated otherwise, were performed on a data set of two, older, images per person in the database and two, newer, images for query. There were a total of 67 persons in the data set, and all were part of the queries. This makes a total of 134 queries; 67 right images and 67 left images. The older images were considered ante-mortem images, and their features were stored in the database. The newer images were considered post-mortem and used as query images. This method of splitting the data set has been done before [31] and consultations with an expert led to the conclusion that this would be a suitable data set for testing.
The best results are obtained when using both features for matching. This is in large part due to those images that do not have any dental works, or where the method fails to extract the dental works. These images are impossible to rank correctly when using only dental work contours, but by using tooth contours a more representative ranking based on more information can be achieved. Table III shows the results when using both features, and also demonstrates that dental work contours alone are better than tooth contours alone. This seems to corroborate that dental works are more unique than tooth contours. Using tooth contours, which are in some cases incorrectly extracted, can introduce noise to the distance calculations but the results show that this is outweighed by the benefit of having more information to match. The best results are obtained when weighting the dental works during distance calculation. The graph in figure 11 shows the effect of using different weight factor values for the dental work contour distance. The accuracy is raised by increasing the weight of the dental work feature, and thus the importance of the dental work contour distance values. The best overall result is obtained when the dental work contours are weighted twice as much as the tooth contours.
Weighting Factor
Percentage Correct The results obtained in this work can be favourably com-pared to those reported in earlier research, even against more complex methodologies.
It is worth noting that the best reported result [15] introduces a contour alignment method to significantly improve results. This could most likely be used to improve the proposed methodology as well.
Where the proposed methodology seems to struggle is the inclusion of all queries in the top results. Several authors report 100% inclusion in the top-5 retrievals, while the proposed methodology only manages to reach 94%. Without using the same data set it is not possible to conclude whether this actually is an inherent weakness in the methodology or due to differences in the number of difficult to rank images. 1 1 Appendix A shows a more detailed analysis of these particular images and some discussion of the reasons why the system fails to retrieve them. a) A Note on Scalability: Though the results show that the system is capable of identifying a person by the use of dental X-ray images, it also raises some questions of whether it is possible to increase the size of the database and still see the same results.
The difference in similarity in the ranked list is only 12.6% between the two highest ranked images and only increases to 18.9% between the highest ranked and the 20th highest ranked image. This small difference suggests that the results will not scale well to a larger database. If the distances and rate of occurrences are representative of dental X-rays in general, that would mean that a top-10 result could scale to a result in the thousands and beyond very quickly.
Since the problem is identification, each possible person represents a new class that must be distinguished from all other classes by its features.
This means that a good match should be significantly better than all other matches in order to allow scalability. This is not the case with the current extracted features and such an implementation would require further refinement of the extracted contours, a better alignment algorithm and also new features.
CONCLUSION
This paper studied the problem of human identification by using dental X-ray images. Particularly a novel lowest cost path-method for the problem of separating a dental X-ray image into individual teeth has been introduced.
The paper conclusively shows that path-based methods can accurately be used as a dental X-ray separation method.
The scheme consists of two main components: (1) teeth and jaw separation for feature extraction and (2) identifying a person based on the features of the dental image and Hausdorff-distance for image ranking. The approach has been tested in a real dental database with 67 persons. It is able to correctly separate 88.7% of the teeth in the test database. Further, when applied with a new dental image, the system is able to correctly find which person the teeth belong to in 86% of the cases and, most impressive, in 94%
of the cases if we include the top 5 ranking list.
This definitively shows that it is possible to reliably identify persons from dental records -even though the performance is likely to be affected by the number of individuals in the database. The work has been successful in verifying the two initial hypotheses leading to the conclusion that using the new methodology, including the path-based separation method, is a viable option when building an automated dental identification system.
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APPENDIX A ANALYSIS OF MISCLASSIFICATIONS
Some of the images which the system failed to rank are analyzed in this section. The purpose of the analysis is to identify the cases of failure and the reasons why it is so. The figures show database image and query image for a person. The rightmost image is the query image, which is always newer than the database image. By manually analyzing the results for each query some categories of failure were identified. The identified categories were: poor image quality, translation offset, and subject matter change.
In figure 12a ) an example of subject matter change as well as translation offset can be seen. This image is ranked very low due to the two smallest dental work contours in the leftmost image being very different from the merged dental work in the rightmost image. In addition to the difference, the work has been fused in the more recent image so both the smaller contours are scored poorly against the large new contour. Figure 12b ) illustrates a person with no extractable dental work contours and difficult to extract tooth contours in the rightmost image. Additionally, the teeth in one image are offset relative to the other, which causes different contours to be part of the records. Notice in particular the large tooth to the left in the rightmost image. When the images are compared, these contours will penalize since there are no extracted contours that can be matched well.
The final example, in figure 12c) shows an example of poor image quality and a difficult subject due to few available features and significant change between the images. Though the person definitely has characteristic teeth, the method of aggregating scores used in this system will cause images such as these to be penalized more than they should.
The examples above show that the system is not at the moment very change-resistant. A possible solution to these issues in the future can be to add missing tooth detection, tooth classification and registration to the system [14] . This has both the advantage of reducing the necessary calculations for matching and allowing the system to exclude contours that are not present in one image during comparison to give a more representative similarity score.
